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where 1). 2) The scene is presumed to consist of a mosaic of patches of the three cover types, as a result of clearcuts in an area that was originally all forest. Fig. 1 shows that this presumption is nearly true, although there are some small areas of water and road. Factors 1) and 2) are the same as with applicability of supervised classification.
3) The resolution of the AVHRR sensors are all about the same, with a nominal resolution of about 1.1 km. 
C. Unmixing
The AVHRR pixels were "unmixed" by application of least squares estimation pixel-by-pixel after the signature development. This amounts to least squares fit of (I), where the coefficients to be estimated are now the fractions FI, F2, estimates is large, all estimates will probably be poor as this will only occur when the error term in the model (1) is large or when the model is innapropriate. The 50% concentration ellipses of AVHRR were constructed with the means and covariances of Table I . The ellipses corresponding to the cover classes form triangles; therefore, mixtures of any two disturbance classes are distinct from the third and estimation of mixture fractions appears feasible with only these two bands.
IV. RESULTS

A. Signature Development
Linear least squares methods are based on the assumption that the distribution of the error term (1) and (4) 
B. Unmixing
The unmixing procedure was tested first by using the signatures reported in Table I to unmix the AVHRR data (bands 1-41. Then the procedure was further tested by splitting the study area roughly into north and south halves and using the north half for signature development and unmixing the south half (CROSS 1) and vice versa (CROSS 2). The results are summarized in Tables 1I (GLS technique) and Ill (OLS technique) which show the mean (m,) and standard deviation (.s) for each class fraction, as estimated by TM and by unmixed AVHRR, the root mean square error (rmse) of the unmixed AVHRR relative to the TM fractions, and the results of regressing the unmixed AVHRR pixels against the convolved TM.
Comparison between the mean TM and AVHRR fractions (Table lI) shows that GLS unmixing predicted the composition of the study site fairly well, although there was some confusion between forest and regrowth areas in the southern half of the area. Per-pixel estimates of mixture were not very accurate, the unmixed image generally follows trends in land use, as is also evident in plots of TM and AVHRR fractions along four arbitrarily selected transects through the full test area (Fig. 4) .
Comparisons between Tables II and III indicate the gen- erally superior performance of the GLS unmixing procedure relative to OLS. This was expected, given considerable differences between signature variances between bands and correlations between bands indicated in Table I .
The unmixing procedure was further tested with AVHRR bands I and 2, as the separability of classes appeared to be sufficient with just these two reflective bands (Fig. 3) . As before, unmixing was tested using Table I signatures on the full study area and using cross validation (CROSS I and CROSS 2). In this two-band and three class case, the formulas for least squares estimates (either OLS or GLS) are equivalent to the exact solution of (1) and (2), ignoring the error terms.
As can be seen by comparing results summarized in Table IV with Tables lI and IIl, the resulting estimates of class fractions were actually better than OLS estimates with AVHRR bands 1-4 and almost as good as GLS estimates using the four bands. There were small improvements in estimates of the clearcut fractions by including the thermal bands, with increases in R _ values for clearcut of 5% (using Table 1 of 0% to 3% for the forest and regrowth classes.
V. CONCLUSIONS
Methods have been developed to extract signatures from AVHRR using finer resolution data for training, and for unmixing AVHRR pixels. These methods are based on constrained least squares and generalized least squares techniques, and are computationally simple and fast. 
